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Abstract. The current structural design provisions are prevalently based on experience and on the 
assumption of stationary meteorological conditions. However, the observations of past decades and 
advanced climate models show that this assumption is debatable. Therefore, this paper examines the 
historical long-term trends in ground snow load maxima, and their effect on structural reliability. 
For this purpose, the Carpathian region is selected, and data from a joint research effort of nine 
countries of the region are used. Annual maxima snow water equivalents are taken, and univariate 
generalized extreme value distribution is adopted as a probabilistic model. Stationary and five non-
stationary distributions are fitted to the observations utilizing the maximum likelihood method. 
Statistical and information theory based approaches are used to compare the models and to identify 
trends. Additionally, reliability analyses are performed on a simple structure to explore the practical 
significance of the trends. The calculations show decreasing trends in annual maxima for most of 
the region. Although statistically significant changes are detected at many locations, the practical 
significance - with respect to structural reliability - is considerable only for a few, and the effect is 
favourable. The results indicate that contrary to the widespread practice in extreme event modelling, 
the exclusive use of statistical techniques on the analysed extremes is insufficient to identify 
practically significant trends. This should be demonstrated using practically relevant examples, e.g. 
reliability of structures. 
Introduction 
Snow is an important climatic action, which governs the reliability of many structures, particularly 
lightweight steel structures [1]. These should operate without major structural maintenance for 
typically 50 years, and their real working life generally spans over 100 years. Therefore, it is of 
utmost importance that the expected actions are appropriately anticipated during the design process. 
The provisions of current structural standards are based on the assumption that the underlying 
natural phenomena - generating the actions on structures, and determining their working 
environment - are stationary. However, observations of the past decades and advanced 
meteorological analyses show that this assumption represent accurately neither the present, nor the 
future world [2]. Hence, the aim of this paper is to analyse the long-term trends in snow events and 
their implications on structural reliability. The Carpathian region is selected for the study, and 
observations from 1962 to 2011 are used to propose appropriate probabilistic models of snow 
maxima. Another database on which the online snow map for the Czech Republic [3, 4] is based can 
be used in further studies for comparative purposes. 
According to the authors’ knowledge, the long-term trends in extreme snow loads, i.e. annual 
maxima, for the Carpathian region have not been sufficiently analysed yet. Similar research is 
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 available for the Swiss Alps, where Marty and Blanchet [5] detected statistically significant 
negative, long-term trends in annual snow depth. However, their analysis is focused on statistical 
significance testing and on return values. Thus, although indicating interesting tendencies, the 
practical significance of their results, e.g. with respect to structural reliability, should be analysed. 
This approach is prevalent in extreme value modelling, i.e. relying on significance testing, such as 
likelihood ratio test. In more detailed studies, the effect size [6] and confidence intervals are also 
used [5], but the practical significance that could support decision making is rarely investigated. 
Therefore, in this paper, a more pragmatic approach is promoted, in which after the statistical 
analysis the practical significance of the findings is examined. Main interest herein is the effect of 
snow trends on structural reliability, particularly on the probability of structural failure. 
Meteorological Data 
The meteorological data are obtained from the CarpatClim database, which is the outcome of 
research cooperation between nine countries of the Carpathian region [7]. The database provides 
snow water equivalent (SWE) values with ~10 km spatial and daily temporal resolutions for a 1962-
2011 period. These SWEs are used to develop the probabilistic models. Uncertainty due to 
measurement error and uncertainty of meteorological models used for processing the measurements 
are neglected. The reason is twofold: (i) these uncertainties are hard to quantify and require further 
studies, and (ii) it is anticipated that these have minor effect on long-term trends. 
Statistical Analysis 
Climatic actions on structures are almost solely described by statistical distributions since the 
underlying natural phenomena are too complex to be represented by physical models. This fully 
probabilistic approach is adopted here as well, and the ground snow intensity is modelled by a 
single random variable. Univariate generalized extreme value (GEV) distribution, widely accepted 
in extreme value analysis is selected. The mathematical support is given by the extreme value 
theory, which states that independent, identically distributed block maxima will asymptotically 
converge to the generalized extreme value family, irrespectively of the parent distribution [8]. The 
adopted block length is one year, covering a whole winter season. Furthermore, to account for a 
season without snow, the cumulative distribution function of annual maxima is expressed as 
follows: 
P(X < x) = P(snowfall)·P(X < x | snowfall)  (1) 
where the former event has Bernoulli, while the latter has a GEV distribution. 
Stationary Model. The standard parametrization of GEV distribution is used with shape (ξ), scale 
(σ) and location (µ) parameters [8]. The GEV distribution family comprises three special types: 
Weibull (ξ < 0), Gumbel (ξ = 0) and Fréchet (ξ > 0). Unlike the latter two, the first has an 
asymptotic upper bound. 
Non-stationary Models. Five non-stationary models are considered, the time-dependency is 
introduced through the distribution parameters: location parameter with linear (µ1) and quadratic 
(µ2) function in time, while the other parameters are constant. The same parametrizations in respect 
of the scale parameter (σ1, σ2), and a model with linear trend in both location and scale parameters 
(µ1σ1) while the shape parameter is constant, are adopted. 
Parameter Estimation. Maximum likelihood parameter estimation (ML) technique is applied for a 
given distribution. The method provides values of parameters, under which the observations are 
most likely generated by the distribution. The parameter estimation uncertainty is taken into account 
by confidence intervals using the asymptotic normality property of the maximum likelihood 
estimator of the distribution parameters. For other, derived parameters the delta method is applied to 
construct confidence intervals [8]. 
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 Model Selection. Likelihood ratio (LR) test and Akaike information criterion (AIC) are used to 
compare the stationary and non-stationary models. The former is a standard frequentist hypothesis 
test for comparing nested models [9]. The latter is an asymptotic information criterion, which is 
based on the premise that the model with smallest information loss (Kullback-Leibler divergence) 
should be preferred. In the absence of the true model, the information loss cannot be calculated in 
absolute terms; however, the models can be compared and their relative ‘strength’ can be expressed 
by the difference in AICs or by using Akaike weights. In this paper the corrected form of Akaike 
information criterion (AICc) is applied, which takes into account the effect of a finite sample size. 
The Akaike weight of the ith model is then expressed as [9]: 
( )( ) ( )( )min min1exp 1 2 exp 1 2== − ⋅ − − ⋅ −∑Ki i jjw AICc AICc AICc AICc  (2) 
where K is the number of models under consideration. The goodness-of-fit of the models at some 
locations are visually checked using Q–Q, P–P, and return period–return value plots [8]. 
Additionally, the GEV model is compared to other commonly applied distributions for diagnostic 
purposes, i.e. Gumbel and three-parameter lognormal. Due to the limitations of statistical 
significance testing [6] the effect size, power of the test, and confidence intervals are also utilized to 
compare the models. More importantly, the conclusions are based on the practical effect of these 
models on structural reliability. 
Results of Statistical Analyses 
Stationary Model. Stationary GEV distribution is fitted to each of the 5895 grid points using the 
ML method; the corresponding shape parameters are plotted in Fig. 1. The maps are created using 
equidistant conic projection and linear interpolation. In Fig. 1, the areas bounded by black contours 
indicate Weibull distribution (ξ < 0), it can be seen that the high mountainous areas have 
dominantly this upper bounded distribution type. Considerable part of the studied area has Fréchet 
distribution with relatively large shape parameter (ξ > 0.2), which is in conflict with the Gumbel 
assumption accepted in EN 1991-1-3:2003 and ISO 4355:2013. Additional limitation of the Gumbel 
distribution is that it yields to artificially narrower confidence intervals than the Fréchet as its 
parameters span smaller space [10-12]. 
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Fig. 1: Shape parameter (ξ) of the fitted, stationary GEV distributions, the black contour surrounds the Weibull type 
(left), and illustration of GEV family types in Gumbel space (right). For interpretation of the references to colour in this 
figure legend, the reader is referred to the web version of this article. 
The unfavourable deviation from Gumbel distribution is the most pronounced in the northern 
part of Serbia. It is interesting that some locations exhibit shape parameter larger than 0.5, which 
means that the distribution has infinite variance. If this is deemed unrealistic, it might be avoided by 
adopting constraints in ML or by using Bayesian approaches with appropriate priors. 
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 Long-term Trends. First, a linear line is fitted to the annual maxima at every grid point in the least-
squares sense, while the snow-free years are discarded from the analysis. The associated slope 
parameters are illustrated in Fig. 2, where the negative values are referring to decreasing trends in 
time. At 97% of locations a decreasing trend is identified, whereas a mild increase is observed in the 
northern part of the region - Slovakia, the Czech Republic, and Poland. The small regions with 
strong, increasing trends next to decreasing ones (orange areas surrounded by dark blue ones) in 
Slovakia and Ukraine imply discrepancy in the database. Areas with the most pronounced 
decreasing trend are matching well with the Weibull regions, with the exception of the southern 
part. Based on the linear trend, the average change in annual maxima for the entire region, during 
observation period is -42%, compared to the 1962 level. 
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Fig. 2: A representative location with decreasing trend (left), and map of the linear trend line’s slope parameter m in 
mm/year (right). For interpretation of the references to colour in this figure legend, the reader is referred to the web 
version of this article. 
  
Fig. 3: Likelihood ratio (left) and Akaike weight (right) based comparison of µ1 and stationary models, grid-points with 
P > 0.90 are marked with dots: black for decreasing and white for increasing trends. For interpretation of the references 
to colour in this figure legend, the reader is referred to the web version of this article. 
Albeit both figures are showing probabilities (P), their interpretation is substantially different. In 
case of the LR test it expresses the probability that if the null hypothesis is true (stationary model) 
the difference between the loglikelihoods is at least as large as the one observed. This probability is 
typically referred as a p-value, and the left side of Fig. 3 is showing the complementary probability, 
P = 1 - p. On the other hand, the Akaike weights – illustrated on the right side of Fig. 3 – express 
the probability that µ1 model is better than the stationary one, in the Kullback-Leibler divergence 
sense [9]. In respect of these probabilities, in both cases the selected threshold is 90%, locations 
above this value are marked with a dot and considered as statistically significant. The vast majority 
of the statistically significant trends identified by the LR test are decreasing (black dots), only two 
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 locations in the Czech Republic show significant increase (white dots in the upper left corner of 
Fig.3 left). The Akaike weight based comparison shows solely decreasing trends. The LR test 
identified much more locations with a significant trend, although the probabilities are not directly 
comparable. In addition, 65% of these locations are statistically significant even with the 95% 
threshold level. The trends might be explained by the diminishing number of snow days due to an 
increasing mean global temperature. 
A more pragmatic comparison of time trends is presented in Fig. 4, where the 50-year return 
values for stationary and non-stationary µ1 models are compared. The 50-year return value is 
referred as a characteristic value in structural engineering and serves as the basis of everyday design. 
All of the selected locations, shown in Fig. 4, exhibit a significant negative trend in AICc sense. 
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Fig. 4: Normalized 50-year return value SWE with 90% confidence intervals for selected locations, with significant 
negative trends as identified by Akaike weights. 
Fig. 4 also shows that the difference is often practically insignificant even for the locations where 
the AICc based criterion identified significant trends (in respect of 50-year return value with 90% 
confidence interval). The time trend is deemed practically significant if the stationary point estimate 
is outside of the non-stationary 90% confidence interval. For the entire region, using µ1 model the 
average change in respect of characteristic values between 1962 and 2011 is -10%, using year 1962 
as reference. For locations with statistically significant trends the changes are -19% and -26% for 
LR test and Akaike weights respectively. 
Effect on Structural Reliability 
Although the focus of this paper is the statistical characterization of snow loads and identification of 
trends in annual maxima, the key question from an engineering point of view is the effect of the 
changes on structural reliability and the adequacy of current provisions. The simple statistical, 
information theory (LR, AICc), and representative quantile based comparisons cannot answer this 
question, since the failure probability of a structure is dominantly determined by the tail of the 
distribution functions, well above or below the characteristic value. Thus, a simple, illustrative 
example is selected to explore this question. The related limit state function and the properties of the 
random variables are given in Eq. (3) and in Table 1, respectively. It approximately represents a 
lightweight steel structure with governing snow load. For simplicity, the distribution function of 
annual snow maxima is used and annual failure probabilities are calculated. Exceptional snow loads 
and accidental load combinations are not covered in the analysis. 
g = R – (G + µ·S·0.981)  (3) 
Reliability analyses are performed for two representative locations using standard, first order 
reliability analysis. The first one is the Ukrainian location presented in Fig. 4, it has small, scattered 
settlements and it represents the significant negative trend even in respect of 50-year return values. 
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 The second is the fifth most populous city in Hungary (Pécs), it is identified by the LR test with 
statistically significant negative trend, and it represents the moderate negative trend, which reflects 
well the majority of the region. These two locations are referred hereinafter as Ukrainian and 
Hungarian. Reliability is analysed considering a reference period of one year. The location 
parameter is obtained from the non-stationary model for each of the selected years - 1962, 2011 and 
2062. The delta method is used to construct approximate confidence intervals for these indices, and 
the results are summarized in Fig. 5. 
Table 1: Properties of random variables in the limit state function. 
Variable Distr. type Mean CoV Ref. 
Resistance, R [-] Lognormal 1000/350† 0.12 [13] 
Ground snow, S [-] GEV 37/72† 0.78/0.54†* - 
Ground to roof conversion factor, µ [-] Lognormal 0.75 0.15 [14] 
Permanent action, G [-] Normal 50 0.10 [14] 
* from unbiased moments of the observations. 
† data to Hungarian/Ukrainian locations. 
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Fig. 5: Reliability indices with 0.75 confidence intervals from ground snow parameter estimation uncertainty. 
From Fig. 5 it is clear that the moderate decreasing trend has practically no effect on structural 
reliability that is dominated by the parameter estimation uncertainty. For the Ukrainian location the 
increase in reliability level is practically significant, although the uncertainty is large here as well. 
From a safety point of view, the change is clearly favourable, and whether the current provisions 
will provide economical design for these locations in the future is a different issue. The most 
important factor in the difference of the results for the Hungarian and Ukrainian locations is that the 
former has Fréchet, while the latter has Weibull distribution. 
The extrapolation of the non-stationary model to 2062 should be handled with care, it is provided 
only for illustrative purposes. It introduces additional uncertainty, as illustrated for the Ukrainian 
location in Fig. 6. This should be reduced by use of physical models or further explanations. 
The results are dependent on the number of observations and on the reference period used in the 
reliability analyses. More data would yield to narrower confidence intervals and allow sharper, 
stronger conclusions, while an extended reference period would level out the differences in annual 
failure probabilities. 
Summary and Conclusions 
This paper analyses the long-term trends in extreme snow loads for the Carpathian region and 
their effect on structural reliability. Annual snow water equivalent maxima are used, which are 
collected during the 1962-2011 period. Univariate generalized extreme value distribution is fitted to 
the data applying the maximum likelihood method. A stationary and five non-stationary generalized 
extreme value models are used to describe the observations. Likelihood ratio test and Akaike 
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 weights, supplemented with reliability analyses are used to evaluate the significance of trends. The 
main conclusions of this study are summarised as follows: 
• For the majority of lowland and highland locations Fréchet distribution seems to be appropriate 
while Weibull distribution fits the data better for mountains. 
• A decreasing trend in annual snow maxima is found for the 97% of the studied region. 
• The likelihood ratio test identified numerous locations with statistically significant (p < 0.10) 
decreasing trends. However, the power of the test in average is low, and the effect size 
compared to confidence intervals regarding the 50-year return value reveals substantial 
uncertainty. 
• The likelihood ratio test and Akaike weights suggest that the trend in the annual maxima can be 
better captured by allowing trend in the location parameter than in the scale parameter. 
• The reliability analyses show that the practical significance of time trends not necessary follows 
the statistical significance. This is largely due to the substantial uncertainty in the parameter 
estimation. 
• The reliability analyses indicate that for most locations in the region, which are characterized by 
Fréchet distribution, the negative trend in annual snow maxima has a minor effect on structural 
reliability, the uncertainty in parameter estimation is governing. Moreover, it is deemed 
unjustified to extrapolate trends based on about 50 years to thousands of years that represent a 
relevant return periods for the Ultimate Limit States. 
• For locations with a strongly decreasing trend and Weibull distribution, the effect of the trend 
on structural reliability is practically significant, although the change is favourable from a safety 
point of view. 
The presented approach can be applied for other basic variables significantly affecting structural 
reliability such as other variable loads or resistance parameters. A limitation of this study is that 
only generalized extreme value distribution is considered. This can have an important effect on the 
failure probability that is governed by the tail of the distribution, i.e. very rare, not even observed 
events. This effect could be investigated by more involved statistical techniques, but only by means 
of additional data or by accurate physical models could be overcome, which are rarely available. 
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Fig. 6: Ukrainian location, 50-year return value SWE (q50) with 90% confidence bands (CI90%) for stationary (stat) 
and µ1 models. 
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